This project describes an approach to analyze public sentiments with social media data and provides an example of the Twitter discourse during the 2019 Chinese National Day. The objective is to study the online discourse towards China with NLP algorithms, as well as observe the temporal, spatial and lingual characteristics of the expressed sentiments. Firstly, the Twitter data sets were collected between Sept 30 and Oct 3 through API and part of them were manually labeled to train the SVM. Then, a hybrid method of SVM and dictionary was applied to evaluate the sentiments of the collected tweets. After that, the tweets sentiments' time fluctuation, spatial distribution and frequently used words were given. Finally, we conclude by highlighting possible consequences of the overall negative image of China in English-speaking discourses and indicating future directions.
Introduction
In modern age, public opinion has long been playing an important role in domestic politics, international relations and the associated policy making. An illustrative case is the U.S. withdrawal from Vietnam in 1970s, which could be partially attributed to the massive demonstrations. In the last two decades, online public opinion has proved itself to be as influential as, if not even more than, the opinion delivered by traditional media. A recent example is the controversial tweet by Daryl Morey, which later led to online conflicts and affected the China-US relations. The Ministry of Foreign Affairs of China gave an official response to the problem, and politicians including Hillary Clinton and Mitchell McConnell also took advantage of the incident to promote their political claims. Considering the highly open and interconnected nature of the Internet, millions of data with all kinds of attitudes towards different countries are being generated every minute, making online public opinion an indispensable factor in analyzing relationships between states and related issues.
The 70 th anniversary of the foundation of the People's Republic of China, which has attracted worldwide attention, provided a rare opportunity for analyzing the online sentiments towards China. Large amount of messages related to Chinese National Day were published on Twitter, one of the leading social media globally. The volume of such data, for the first time in Chinese history, enables the tracking and observation of the expressed sentiments of all kinds of people around the world during this kind of significant occasions. Thus, in this research, we collected Chinese National Day-related tweets around October 1 st and conduct sentiment analysis to each and every tweet within the dataset to obtain temporal, spatial and linguistic insights into the overall sentiment towards China on one of the mainstream social platform. We first introduce the collecting and labeling process of the tweets, and examine the validity of our dataset and labels. Then, we present methods used in this study. After that, through experiments, we show the competency of the methods, as well as the analysis with regards to time, countries and language use. In the last, we conclude our research and highlights the significance of the experimental results.
Previous Works
It has become an emerging field in recent years to apply social media data for analyzing political and international relations problems. This section reviews some of the important works.
Whether social media data can be applied to predict the result of political elections and referendums is one of the hot topics. Tsirakis et al. did a primitive attempt by analyzing the public opinion expressed through Twitter during a debate before the 2015 Greek election. [1] Jungherr et al. collected 3 months of Twitter data before the 2013 German federal election to predict the public opinion and compared the results with human polls and the final election outcomes. Both SVM and simple mentioning methods were used in this paper. The authors concluded that social media is more an indicator of attention rather than political support. [2] Unlike forecasting the result of political elections, Lopez et al. utilized over 23 million Tweets about Brexit to "nowcast" (real-time monitor) the public opinion about Brexit referendum. And this paper differs from the previous one in that it regards social media data as informative, or at least strongly supplementary to polls, for forecasting and nowcasting political support in elections. [3] Despite elections, social media data was also used to analyze sentiments towards certain political entities. Gull et al. used support vector machine (SVM) to study opinionated English tweets towards Pakistani political parties. [4] Gong et al. applied convolutional neural networks (CNN) to study the sentiments of China-related posts on Reddit from 2007 to 2015 and discovered that these posts showed a "skewed spread" characteristic, with negative information occupying the dominant position and significantly overweighting positive opinions. [5] However, both researches neglects the non-English texts, which makes results somehow unrepresentative. This is particularly noteworthy for [4] due to the fact that the majority of the Pakistani population mainly speak local languages rather than English There are several studies utilizing non-English social media data for analyzing sentiments. Jamal et al. analyzed the anti-Americanism and anti-interventionism in the Middle East using Twitter texts written in Arabic. The main point of the article was to answer the question of whether the prevalent anti-Americanism and animus in the Middle East were targeted at the U.S. itself or towards the impingement of the United States on other countries. [6] Twitter data were carefully observed for political analysis, but it lacks an in-depth study of the exact meaning and sentiment tendency of the tweets. Therefore, the coarsely processed twitter data were not able to fulfill their potential. A similar study is [7] , which focused on the views of Chinese Weibo users towards the United States and several other neighboring nations. Weibo discourses were collected as datasets. This paper found that Chinese views of the United States were deeply ambivalent: positive to American technology advances while negative to American foreign policy. However, as [6] , the utilization of social media data was rather primitive and the potential of the data was highly underrated. Meanwhile, although the two researches took advantage of non-English data, they are still limited to a single language, and other languages used in the studied areas were overlooked.
Social media data can also provide insights into political relations. For example, Barnett et al. developed an approach to analyze characteristics of international relations based on the co-occurrence of nations' names in short texts extracted from Facebook and Weibo. [8] Kumar et al. used Twitter data (including hashtags, followers, retweet, mention, etc.) and network analysis to investigate relations between Latin American political organizations. [9] A most similar research to this work were conducted by Chambers et al. They applied Twitter data to model relations between nation-states using sentiment analysis, which is a synthesis of the above mentioned three categories. Compared with traditional polling data, data acquisition from social media can be time-saving and low-cost. They picked out Tweets containing country names, and then filtered the data to remove irrelevant tweets like restaurants, sports meetings, etc. The remaining tweets were used to calculate the aggregated nation-nation sentiments. This study provided a temporal result for international relations and verified it with human polls. Therefore, it proved the applicability of utilizing media text data for international relations studies. [10] However, all the non-English tweets were still filtered out in this study, thus, its results could only represent the English-speaking population. On the other hand, this work merely cared about the overall general relations between different nations. The influences of certain events to international relations and the relationship of specific nation pairs are not fully studied.
There exist researches that intend to introduce multilingual or multimodal analysis. Rashkin et al. established multilingual connotation frames using existing parallel corpus with automatic word-alignment for English and 10 other European languages to analyze the targeted sentiments of users with diverse language backgrounds. [11] Over 1.2 million tweets were collected from Twitter for the study and LSTM was utilized to predict future sentiments with previous sentiments data. This paper verified the applicability of exploiting cross-language corpus to retrieve and predict targeted sentiments and public opinions of different nations, but more fine-grained and specific studies are still needed. It is also possible to conduct opinion mining from multimodal social media data. Fang et al. analyzed texts and photos simultaneously to realize aspect-opinion retrieval. [12] Besides, Peña-Araya et al. provided a visualization tool for studying geo-temporal contexts collected from Twitter and inferring historical and international relations. [13] This paper differs from the above mentioned works by taking into account both English and Chinese data to obtain a more comprehensive perception of the online discourse towards a given nation, namely, China. Also, data used in this research was event-centered. Collected during the significant event of the 70 th anniversary of the P.R. China, online opinions are supposed to be more explicit and polarized, which would in turn benefit further analysis.
Data Sets
This study is based on the Twitter data collected between 8 a.m. September 30 and 10 a.m. October 3. In this part, data acquisition and labeling are introduced in detail.
Streaming API and Hashtags
The data sets used in this study were collected through the Twitter Streaming API. This kind of API allows to collect real-time tweets that incorporate specific hashtags, thus enables a comprehensive and targeted collection of tweets. In order to automatically capture the Chinese National Day-related tweets, over 1000 relevant tweets were studied and 59 frequently used Chinese National Day-related hashtags were extracted. These hashtags are shown in Table 1 , and they are in English, Simplified Chinese, and Traditional Chinese. The hashtags above were later applied to the Streaming API to retrieve the tweets containing them. After 74 hours of data collection, a total of 311,935 tweets, written in 54 languages, were obtained. English tweets accounted for 249,602 and Chinese (including simplified and traditional) tweets contributed to another 5150. The remaining tweets are outside the scope of this article. Therefore, they are excluded from the following steps. Examples of collected tweets are shown in table 2. Table 2 . Examples for collected tweets (only show the time and text part) English "created_at": "Tue Oct 01 16:58:48 +0000 2019" "text": "@goofrider Big Congratulations to #China70years" "created_at": "Tue Oct 01 11:00:43 +0000 2019" "text": "Happy 70th Anniversary to China. Best wishes from Pakistan. #China70years #China" "created_at": "Tue Oct 01 14:44:33 +0000 2019" "text": "RT @HappsNews: NOW: Pro-democracy protests are happening all over #HongKong on the 70th anniversary of #China's #NationalDay. " Chinese "created_at":"Mon Sep 30 18:19:59 +0000 2019"
https://t.co/OXK0jZkA05" "created_at":"Tue Oct 01 06:00:13 +0000 2019" "text":"#China70years 想找到和祖国连接的点那就只有好好找到自己 对于国家而言的价值了"
"created_at": "Tue Oct 01 01:30:42 +0000 2019" "text": "RT @RFA_Chinese: 【国庆日，香港市面死寂】\n10 月 1 日， 政府制定多项临时措施，防止群众聚集。多个地铁站全日封闭，机场 采取特别交通措施，多个市区大型商场停止营业，而街道上亦没有像 往年国庆一样挂满国旗。有市民表示，国庆日，香港跟戒严没有分别。 \n#十一国庆\n#戒严"
Data Labeling
Labeled data sets are necessary for supervised machine learning. Considering the large scale of the data, 1000 tweets were randomly sampled from either language, that is, 1000 English tweets and 1000 Chinese tweets. Then, four labelers with diverse backgrounds were involved in the labeling work. Detailed information about the labelers are shown in table 3. For every tweet within the 1000 English tweets, each labeler needed to independently decide whether it was relevant to the 2019 Chinese National Day, and if so, rate its sentiment towards China on a scale of -2 to +2. Positive number means a positive sentiment while negative number represents negative attitude. The absolute value of the score depicts the degree of the emotion. For example, a tweet labeled as +2 usually has extremely positive view towards China, and a tweet with a -1 shows negative opinion. Zero indicates that the tweet is objective and does not present obvious sentiment. For Chinese tweets, the procedure was the same except that the labelers needed to additionally judge whether the tweet was written in simplified or traditional Chinese. Mainland China Law Male The results of four labelers were then amalgamated through voting. Before merging the data sets, the voting ratio were counted. The results are displayed in Table 4 . From table 4, it can be found that in most cases for relevance and the types of Chinese characters (simplified or simplified), four labelers tend to be consistent. Only in less than 0.6% of all cases did the voting results of the labelers show a tie (2:2). However, when it comes to the voting of sentiments, the labelers showed greater disagreement and made different decisions on most tweets. Thus, in order to make the labeling result more reliable and concrete, which is critical for the following supervised learning, the final label employs a positive-neutral-negative scheme. As is depicted in row 5, 6, 10 and 11 of table 4, the disagreement between four labelers was significantly narrowed after adopting the positive-neutral-negative scheme. / / Another issue that needs to be addressed is whether anyone of the four labelers typically holds different opinions with the other three. That is, would the answers provided by a specific labeler always fail in the voting. Due to the balance of genders and majors, the places that the labelers came from constitute the main concern. Therefore, the decisions of labeler 2 were compared with the overall voting results and the outcomes are shown in table 5. As can be found in the table, the overall ratio that labeler 2 making different choices with others is 21.5%, which does not indicate significant level of being isolated. Although labeler 2 tended to share different opinions when it comes to Chinese tweets, considering the fact that for 78.6% of Chinese tweets all the four labelers made the same decisions on sentiments and this table only shows the 3:1 or 2:1 cases which accounts for merely 15.7%, the influence of this difference could be minimal. In most cases, since the decisions made by four labelers converge, the final label was determined without controversy. When faced with rare situations of 2:2 or 1:1:1:1, the final label would be chosen randomly from the two or four.
Methods
The technique used to analyze the general sentiments of the tweets is a mixed method of dictionary and SVM, which yields satisfactory results while avoid being too complicated. All the classifiers mentioned below are combinations of a trained SVM and positive-negative dictionaries.
Firstly, a relevance classifier would decide whether a tweet is relevant to the topic. For example, some tweets may be talking about the French National Day or the recent disputes and chaos in Hong Kong and were mistakenly fetched during the data collection step. These irrelevant tweets shall be excluded in the following analysis. Secondly, tweets written in Chinese would be categorized according to their typeface, that is, simplified or traditional Chinese. Thirdly, another classifier would judge whether the tweet is simply stating a fact or is expressing certain kinds of affection. Those tweets with affection would then be sent to the last classifier which determines the sentiment, positive or negative, of the tweet.
Experiments and Results

Performances of the Classifiers
After training the SVM on the labeled data set, as well as creating and adjusting the dictionaries manually, all these classifiers have reached an average accuracy of over 93%. The detailed performances of the classifiers are shown in table 6. After confirmation of the performances, these classifiers were then applied to the temporal and spatial analysis of all the English and Chinese tweets collected.
Temporal Fluctuations of the Sentiments
In this part, the overall sentiments of the Chinese National Day-related tweets would be analyzed with regard to time. Figure 1 and 2 shows the number of English and Chinese tweets concerning the Chinese National Day. The highest peak of English tweets is around 18 o'clock October 1, which was about the morning time in Europe. The second peak is around 11 o'clock October 1 during the military parade. The most significant peak for Chinese tweets is at around 10 o'clock October 1 and another prominent peak is around 20 o'clock October 1 when the firework show and celebration took place. Figure 3 and 4 depicts the absolute sentiments of the English and Chinese tweets towards China. The absolute sentiments are calculated by subtracting the number of negative tweets from the number of positive tweets, therefore, a score above 0 indicates an overall positive sentiment towards China at the time period, and vice versa. It is shown in figure 3 that the general sentiments of English tweets towards China were negative, and only within several hours from 10 o'clock to 12 o'clock that English tweets expressed a slight positive attitude. Chinese tweets, on the contrary, were more positive to China, and the scores were above zero most of the time. Figure 5 and Figure 6 are the variation of normalized sentiments towards China with time. The blue line and the green line indicate the percentages of positive and negative tweets, respectively. The red line is the difference between the two, which represents the overall sentiment. In general, Chinese tweets are more positive than English tweets, which became constantly negative since noon Oct 1. 
Spatial Analysis of the Sentiments(本节图片都会更换成更好的)
In this section, the overall sentiments of the tweets would be studied based on the self-proclaimed location of the Twitter users. Every tweet returned by the Twitter API attached the corresponding user profile, which includes the location that the user claimed to be. Although this self-proclaimed location might not be the actual place the user lived, the global sentiment maps based on these locations still have some reference value. Also, to reduce the inaccuracy brought by this self-proclaim-error, the following analysis was conducted on the national level rather than local level.
Due to the large scale of the English tweets, it would be time-consuming to manually link all the locations written in the user profile with its nation. Therefore, 2000 tweets were randomly picked to be examined and labeled. The pictures shown in this section has proved that 2000 is enough for yielding meaningful results. The scale of Chinese tweets was much smaller than English tweets, and all of them were manually labeled. Figure 11 to 12 shows the comparisons of the numbers of positive and negative tweets. The score for each country was calculated by dividing number of positive tweets by the number of negative tweets. The overall expressed sentiment of English tweets in most countries were positive, and the highest score, 89, was achieved by Pakistan. However, English tweets sent from Turkey, Uganda, China, Honduras, Poland, Venezuela and Germany were in general negative. Meanwhile, the sentiments expressed by Chinese tweets depict a different image. Cambodia, Canada, the United States, Germany and Australia became the only nations that holds generally negative views towards China. China, Russia, France, the United Kingdom and Pakistan were the most positive nations. Interestingly, for countries like the United States, Canada and Australia, English tweets were more positive than Chinese tweets. 
Frequently Used Words by Different Sentiments
To provide an intuitive perception of the discourse expressed in the collected tweets, the frequencies of words for both positive and negative tweets were calculated. After removing the stop words, the histograms for the top 10 frequently used words for both languages and both sentiments are shown in figure 13 and 15 . Also, the word clouds are provided in figure 14 and 16 after removing words shared by both parties. It can be found that the positive discourse focused more on the celebration activities and the military parade, and expressed all kinds of good wishes for China. On the other hands, the negative discourses were mainly connected with the Hong Kong issue.
Discussion, Conclusions and Future Works
In this descriptive study, specific Twitter data sent around the 2019 Chinese National Day was collected and their sentiments were analyzed with a hybrid technique. The temporal, spatial and lingual characteristics of the tweets were explored.
Although no strict theoretical improvement or causal inference was achieved in this study, the phenomenon disclosed through the analysis is still worthy of notice and further research. One of the intuitive but significant findings is that English tweets as a whole were more negative towards China, and countries that enjoy relatively better relationship with China tend to hold a more positive view, which indicates a certain consistency between the online opinion and the official relations. This indicate notable discrepancies among the perception of China in different countries, which not only reflect the official attitudes and the public opinions, but also may have an impact on the future official policy towards China. Negative sentiments can play a role in the exacerbating and accelerating of the politicization and securitization of China-related issues by providing suitable social background, which may finally influence the bilateral relationships. [14, 15] Therefore, online attitudes towards China are indicative and non-negligible.
Further studies are supposed to both refine the techniques used to yield more fine-grained sentiments results as well as to improve the experiment design. For example, the data collecting time needs to be prolonged to include more events, especially events with small probability and cannot be predicted.
